The main objective of this research is to predict the mechanical properties of viscose/lycra plain knitted fabrics by using fuzzy expert system. In this study, a fuzzy prediction model has been built based on knitting stitch length, yarn count, and yarn tenacity as input variables and fabric mechanical properties specially bursting strength as an output variable. The factors affecting the bursting strength of viscose knitted fabrics are very nonlinear. Hence, it is very challenging for scientists and engineers to create an exact model efficiently by mathematical or statistical model. Alternatively, developing a prediction model via ANN and ANFIS techniques is also difficult and time consuming process due to a large volume of trial data. In this context, fuzzy expert system (FES) is the promising modeling tool in a quality modeling as FES can map effectively in nonlinear domain with minimum experimental data. The model derived in the present study has been validated by experimental data. The mean absolute error and coefficient of determination between the actual bursting strength and that predicted by the fuzzy model were found to be 2.60% and 0.961, respectively. The results showed that the developed fuzzy model can be applied effectively for the prediction of fabric mechanical properties.
Introduction
Knitting is one of the main fabric manufacturing methods among the knitting, weaving, and nonweaving in the textile manufacturing. Basically, knit fabric is formed by intermeshing yarn loops with each other in wale and course directions. The quality of fabrics is considered a big issue in the global textile and apparel market. The demand of knitted fabric especially viscose knitted fabric is increasing rapidly due to their unique quality characteristics such as elasticity, drape, wrinkle resistance, comfort, softness, and easy-care properties over woven fabrics. Viscose knitted fabrics are very popular for apparel wears such as T-shirts, shirts, sweaters, blouses, underwear, casual wear, active wear, and sportswear because of their distinctive quality characteristics as compared to woven fabrics [1] [2] [3] [4] [5] .
The bursting strength, however, is one of the most important mechanical properties among all the viscose plain knitted fabrics qualities. Knitted fabrics are not just rendering forces in the vertical and perpendicular directions but also they are exposed to multiaxial forces during dyeing, finishing, and usage. Testing tensile and tearing strength in the wale and coarse directions in knitted fabrics are not suitable because of the structural properties; hence, testing bursting strength turns out to be extremely important particularly for knitted fabrics before manufacturing. Generally, the bursting strength test is conducted to evaluate the fabric's capability to withstand multiaxial stresses without breaking off [1, 4, 6, 7] .
Advances in Fuzzy Systems
Basically, strength of fabrics depends on starting fabric forming materials such as yarn properties and fabric density. The literature review revealed that various studies have been reported on the factors affecting the bursting strength of knitted fabric including yarn type, yarn count, yarn tenacity, yarn breaking elongation, yarn breaking strength, yarn twist, yarn evenness, fabrics GSM, fabric wale and courses, knitting stitch length, cover factor, tightness factors, and relaxation treatment [1, 4, [6] [7] [8] .
Moreover, all these factors affecting the bursting strength of knitted fabrics are nonlinear and interactive with other. Hence, it poses a great challenge for scientists and engineers to develop effectively an exact model based on mathematical and statistical techniques [2, 9] . This is ascribed to the fact that both mathematical and statistical models often fail to capture the nonlinear relationship between inputs and outputs [10] .
On the other hand, the intelligent systems such as artificial neural network (ANN) and adaptive neuroinference system (ANFIS) models which have the ability to model in nonlinear domain have been applied by few researchers in the previous research for predicting the bursting strength of knitted fabrics. Jamshaid et al. applied ANFIS model to predict the bursting strength of plain knitted fabrics as a function of yarn tenacity, knitting stitch length, and fabric GSM [1] . Ertugrul and Uçar applied intelligent technique, namely, ANN and ANFIS models, for the prediction of bursting strength of the knitted fabrics using yarn strength, yarn elongation, and fabric GSM as input variables [6] . Unal et al. presented ANN model for the prediction of bursting strength as a function of yarn strength, yarn count, yarn evenness, yarn twist, yarn elongation, and fabric wales and courses [7] . Bahadir et al. used ANN model for the prediction of bursting strength of knitted fabrics [8] . Zeydan studied ANN model for the prediction of woven fabric strength [11] . However, ANN and ANFIS models need large amounts of noisy input-output data for model parameters optimization, which are challenging, labor intensive, and time consuming processes to collect from the textile knitting industries [1, 2, 9] . In addition, ANN does not tell the core logic based on which decisions can be taken [10] .
In this regard, fuzzy expert system (FES) is found to be the scientific and engineering solution for quality modeling as FES provides reliable prediction outcome with small experimental data in nonlinear and ill-defined textile domain [2, 9] . Moreover, a fuzzy model is more reasonable, cheaper in design cost, and much easier to apply in comparison to other models. Furthermore, fuzzy logic is used to solve problems in which descriptions of behavior and observations are imprecise, vague, and uncertain [2, 9, 10] .
The key purpose of this work is to construct fuzzy intelligent model for predicting the bursting strength of viscose/ lycra plain knitted fabrics as a function of knitting stitch length, yarn count, and yarn tenacity, which is not reported in the published literature.
Materials and Method

Fuzzy Expert
System. The artificial intelligence fuzzy expert system is a structure of multivalued logic and an extension of crisp logic derived from fuzzy mathematical set theory developed by Zadeh in 1965 [9, 12, 13] . In crisp logic, such as binary logic, variables are true or false, black or white, and 1 or 0. If the set under investigation is , testing of an element using the characteristics function is expressed as follows:
A fundamental fuzzy logic unit comprises a fuzzifier, a fuzzy rule base, an inference engine, and a defuzzifier as shown in Figure 1 [2, 14, 15] .
Fuzzifier. Fuzzifier is the first block in the fuzzy modeling that converts all numeric inputs-outputs into fuzzy sets within a range from 0 to 1 such as low, medium, and high by using membership functions [12] . There are different forms of membership function such as triangle, trapezoid, and Gaussian [16] . Among numerous membership functions, the triangular shaped membership function is the simplest and most frequently applied which is defined as follows [2] :
In this case, the edge of the variable's interval may be represented with linear S-shaped and Z-shaped membership functions described, respectively, as follows. 
(ii) Z-shaped membership functions are
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In (2)- (4), is the input and output variables; , , and are the coefficient of membership functions for the explained input and output variables.
The Fuzzy Rule Base. The fuzzy rules which are inferred from expert knowledge and experience are generally articulated by if-then statements that narrate the input variables in the antecedent part and output variables in the consequent part [2, 9] . Besides, fuzzy rules are the heart of the fuzzy logic expert system which determines the input-output relationship of the model [9, 10] . The fuzzy rule base can be divided into two classes, namely, the Mamdani and Sugeno [12, 17] .
Mamdani Rules. Both of the antecedent and consequence parts are in fuzzy set form.
Sugeno Rules. The antecedent part is in the form of a fuzzy set and the consequence part is made up by a linear equation or constant.
As an expression, when a fuzzy model with two inputs and one output is involved, then development of fuzzy inference rules can be presented as follows.
Mamdani Rule. If 1 is 1 and 2 is 2, then is 1.
Sugeno Rule. If 1 is 1 and 2 is 2, then = 0 + 1 1 + 2 2, where 1, 2, and are linguistic variables, 1, 2, and 1 are the consequent fuzzy numbers that represent the linguistic states, and 0, 1, and 2 are linear equation parameters.
Inference Engine. The fuzzy inference engine is basically a control mechanism which performs vital role in the fuzzy modeling due to its ability to generate human decision making and deduce control actions by applying the obvious knowledge in the rule base to the task-specific data to appear at some solution or conclusion [2, 18] . Mamdani suggested the application of a minimum operation rule as a fuzzy inference function. For three-inputs and single-output fuzzy modeling, fuzzy inference method is mathematically expressed as follows [18] :
where is the weighting factor as a measure of the contribution of th rule to the fuzzy control action and , , , and are the membership functions associated with fuzzy sets , , , and , respectively.
Defuzzifier. Defuzzifier is the important and last block (unit) of fuzzy modeling. Basically, the conclusion of the inference engine is the fuzzy output. Finally, among different defuzzification methods, the center of gravity method is adopted here to convert the fuzzy inference output into a nonfuzzy value in the following form for the distinct case [2, 18] :
where is the position of the singleton in th universe and is the membership function of rule.
Prediction Performance Measure.
The prediction accuracy of the developed model has been investigated according to the global prediction error such as mean absolute error (MAE) and coefficient of determination ( 2 ). The formulations of those accuracy measures are given below:
where a is actual result, p is predicted result, M is mean value, and is number of patterns. The coefficient of determinations ( 2 ) compares the accuracy of the model to that of accuracy of a trivial benchmark model. The mean absolute error (MAE) gives the deviation between the predicted and experimental values and it is required to reach zero [2] .
Development of Fuzzy Prediction Model.
For development of fuzzy prediction model, three knitting variables such as knitting stitch length (SL), yarn count (YC), and yarn tenacity (YT) have been used as input variables and bursting strength of knitted fabrics as output variable. These knitting variables have been exclusively selected as they influence the fabric bursting strength considerably. A fuzzy logic Toolbox from MATLAB (version 7.10.0) was used to develop the proposed fuzzy model of bursting strength. The construction of fuzzy modeling for bursting strength has been depicted in Figure 2 .
For fuzzification, four possible linguistic subsets, namely, very low (VL), low (L), medium (M), and high (H), for input variables SL and YC and three convenient linguistic subsets, namely, low (L), medium (M), and high (H), for input variable YT were chosen in such a way that they are evenly spaced and cover up the entire input spaces. Ten output fuzzy sets (Levels 1 to 10) (where = Level) are considered for fabric bursting strength (BS), so that the fuzzy expert system can map small changes in bursting strength with the changes in input variables. In this study, the triangular shaped membership functions are used for input-output variables because of their accuracy. Moreover, a Mamdani max-min inference approach and the center of gravity defuzzification method have been applied in this work. Selection of the number of membership functions and their initial values is based on the system knowledge and experimental conditions [2] . There is a level of membership for each linguistic word 
where 1 , 2 , and 3 are the first (SL), second (YC), and third (YT) input variables, respectively, and 1 is the output variable (BS) showing in (9) .
The triangular shaped membership functions for the fuzzy variables, namely, stitch length (SL), yarn count (YC) and yarn tenacity (YT), and bursting strength (BS), have been created using fuzzy logic Toolbox from MATLAB software (version 7.10.0) and are shown in Figures 3-6 .
The coefficients of membership functions for the fuzzy inference system (FIS) parameters are shown in Table 1 .
Conceptually, there could be 4 × 4 × 3 = 48 fuzzy rules, as input variable SL having 4 linguistic levels, YC having 4 linguistic levels, and YT having 3 linguistic levels. However, in order to make the fuzzy expert system simpler, only 24 fuzzy rules have been formed based on expert knowledge and previous experience [9] . Some of the rules are presented in Table 2 .
To demonstrate the fuzzification process, linguistic expressions and membership functions of stitch length (SL), yarn count (YC), and yarn tenacity (YT) obtained from the developed rules and above formula (9) are presented as follows: (12b)
In defuzzification stage, the membership functions ( ) of the rules are calculated for each rule by (3). To comprehend fuzzification, an example is considered. For crisp input SL = 2.8 mm, YC = 28 Ne, and YT = 15.5 g/tex, the rule 10 is fired. The firing weighting factor of the one rule is calculated by (4) and found as
Consequently, according to (5), the membership function for the conclusion reached by rules 10 is obtained as follows:
Haghighat et al. have cited that, in many circumstances, for a system whose output is a fuzzy set, it is essential to aggregate the fuzzy sets into a single fuzzy set by aggregation method [12] . Finally, using (7) and (14) with Table 1 and Figure 6 , the crisp output of bursting strength is found to be 330 kPa.
Experimental Work for the Validation of Fuzzy Model
Fabric Knitting and Heat Setting.
In this research, total 12 viscose/lycra blended plain fabrics samples were knitted according to 
Fabric Processing and Testing.
The fabrics samples were subjected to semibleached at 90 ∘ C for 40 min in a sample dyeing machine using anticreasing agent (Kappavon CL 1 g/L), sequestering agent (Sirrix 2UD 0.5 g/L), wetting agent (Felosan NOF 1 g/L), soda ash (2.5 g/L), hydrogen peroxide 50% (1 g/L), and stabilizing agent (0.2 g/L). Then the fabrics samples were washed with proper rinsing and finally treated with acetic acid (1 g/L) and peroxide killing agent (0.2 g/L) for neutralizing and peroxide killing, respectively. After bleaching, the fabric samples were dried in an open stenter and compacted properly. After production, all the fabrics samples were conditioned on a flat surface first for at least 24 hours prior to testing under standard atmospheric conditions at relative humidity (65 ± 2)% and temperature (20 ± 2) ∘ C. Then the bursting strength (kPa) of each sample was tested using SDL ATLAS Pneumatic Bursting tester (Model 229P) with a specimen of 30 mm in diameter according to ISO-139388-1 test method.
Results and Discussion
Analysis of Model Performance.
The graphical operation of the fuzzy prediction model has been depicted with an example in Figure 8 . For simple expression, only one fuzzy rule out of twenty four has been shown in the picture. As per this rule, if knitting stitch length (SL) is low (L), yarn count (YC) is low (L), and yarn tenacity (YT) is medium (M) then output fabric bursting strength (BS) will be Level 
Analysis of Experimental Results.
Effects of stitch length, yarn count, and yarn tenacity on bursting strength have been shown in Figures 11 and 12 . It is obvious from Figure 11 that decrease in knitting stitch length from 3.0 mm to 2.7 mm only slightly increases the fabric bursting strength. Approximately, bursting strength increases 15-20% with a decrease of 10% in stitch length. The reason for an increase in bursting strength with a decrease in stitch length is probably due to increasing number of loops per unit area which bears the multidirectional forces. On the other hand, the effect of decreasing the stitch length is not linear; as a consequence, while the stitch length decreases further than an optimal level, produced fabric turns more stiffer and less extensible, hence resulting in fabric holes as well as poor bursting strength. A similar phenomenon has been observed for yarn count on bursting strength as shown in Figure 11 . It shows that fabric bursting strength increases a little with the decrease of yarn count and vice versa. The bursting strength increases 30-40% with a decrease of 30% in yarn count due to the increasing of yarn linear density which would result in increase in bursting strength. Since effect of yarn count on bursting strength is not linear, as a result, produced fabric turns much stiffer and less extensible, while the yarn count decreases with a lower stitch length more than an optimal point and hence leads to poor bursting strength.
In contrast, the effect of yarn tenacity on the bursting strength is much more reflective as compared to stitch length as shown in Figure 12 . The figure shows that fabric bursting strength increases drastically with the increase in yarn tenacity and vice versa. The bursting strength increases by about 40-50% with the increase of 3% in yarn tenacity. Basically, yarn is the main material for fabrics and yarn tenacity indicates the yarn strength; thus, when yarn tenacity increases, fabric strength increases. However, it was found from Figure 12 that knitting stitch length and yarn tenacity have strong effect on fabric bursting strength. The extensibility of the fabric decreases whilst the yarn tenacity is increased further at lower stitch length levels and as a result, the bursting strength exhibits a descending tendency.
From this investigation, it is clearly observed that yarn tenacity has the greatest and main effect on bursting strength as compared to knitting stitch length and yarn count. Therefore, it is very important to maintain optimum level of knitting parameter in the knitting process in order to achieve the required bursting strength with good quality fabrics.
Validation of Fuzzy Prediction Model.
The developed fuzzy prediction model has been validated by experimental data. Prediction was done using the fuzzy logic rule viewer. The results from the developed fuzzy model were then compared with 12 validated experimental results as shown in Table 4 . The correlations between predicted values and experimental values of fabric bursting strength are also represented in Figure 13 . The coefficient of determination (
2 ) between the experimental bursting strength and that predicted by the fuzzy model was found to be 0.961. Therefore, it can be concluded that the developed fuzzy model can explain up to 96.1% of the total variability of fabric bursting strength. The mean absolute error (MAE) between the actual values and the predicted values of bursting strength was found to be 2.6% (< 5%). The absolute error gives the deviation between the predicted and experimental values and it is required to reach towards zero. The results of the coefficient of determination ( 2 ) and mean absolute error (MAE)% indicate that the developed fuzzy model has very strong prediction ability with a great accuracy. 
Conclusions
In this research investigation, fuzzy model has been developed for predicting the fabric mechanical properties like bursting strength of viscose/lycra plain knitted fabric. The prediction model was made by taking the knitting stitch length, yarn count, and yarn tenacity as input variables and fabric bursting strength as output variable. The developed prediction model confers an excellent understanding about the interaction between knitting process variables and their effects on the fabric bursting strength. From the experimental study, it has been found that yarn tenacity has the greatest and main effects on the fabric bursting strength than that of yarn count and knitting stitch length. The fuzzy model derived in this research has been verified from the experiment data. The mean absolute error (MAE) and coefficient of determination (
2 ) between the experimental bursting strength and that predicted by the fuzzy model were found to be 2.6% and 0.961, respectively. The results exhibit an excellent prediction performance of the developed fuzzy model. Hence, it can be decisively concluded that the developed fuzzy model can be applied in the textile industry as a decision making support tool for the production engineer to predict the mechanical properties of viscose knitted fabrics satisfactorily.
